Abstract-To continue our effort on developing magnetic resonance (MR) cystography, we introduce a novel nonrigid 3-D registration method to compensate for bladder wall motion and deformation in dynamic MR scans, which are impaired by relatively low signal-to-noise ratio in each time frame. The registration method is developed on the similarity measure of α-information, which has the potential of achieving higher registration accuracy than the commonly used mutual information (MI) measure for either monomodality or multimodality image registration. The α-information metric was also demonstrated to be superior to both the mean squares and the cross-correlation metrics in multimodality scenarios. The proposed α-registration method was applied for bladder motion compensation via real patient studies, and its effect to the automatic and accurate segmentation of bladder wall was also evaluated. Compared with the prevailing MI-based image registration approach, the presented α-information-based registration was more effective to capture the bladder wall motion and deformation, which ensured the success of the following bladder wall segmentation to achieve the goal of evaluating the entire bladder wall for detection and diagnosis of abnormality.
α-Information-Based Registration of Dynamic Scans
for Magnetic Resonance Cystography and 15 580 deaths of urinary bladder cancer are expected to occur in the U.S. in 2014. The five-year relative survival rate for bladder cancer is 70% if it is localized and decreases to 5% if it has metastasized. Therefore, it is critical to detect bladder cancer at earlier stages. Moreover, due to the high recurrence rate (as high as 80% [2] ) after local tumor resection, an appropriate and timely follow-up procedure is extremely important. Magnetic resonance (MR) cystography is a very promising and completely noninvasive procedure for detection and management of bladder lesions [3] - [5] . Since carcinoma tumors at early stages of penetration can be as small as less than 5 mm [6] , images with high spatial resolution and sufficient signalto-noise ratio (SNR) are required to present the bladder wall, where bladder lesions reside. Unfortunately, MR scans though with satisfactory tissue contrast are usually prone to motion artifacts. Image registration is a sound approach to mitigate the motions, which ensures high spatial resolution and adequate SNR on the bladder wall. Following a good definition of the bladder wall, accurate segmentation of the inner and outer wall borders is another critical task to establish a precise 3-D model of the bladder for evaluation of the entire bladder by experts or radiologists [7] - [9] . Because normal thickness of the bladder wall is around 3 mm [10] , abnormal wall thickness is generally recognized as a biomarker of potential lesions [10] - [12] .
Our previous work has shown that retrospective motion correction (RMC) is a promising image processing approach for MR imaging of the moving, expanding, and deforming bladder wall [13] , [14] . In this study, we further investigate the effect of selecting an effective image registration method for the RMC in bladder MR images. Mutual information (MI) made its entrance into the field of medical image registration in the mid-1990s [15] , [16] . Previous studies [17] , [18] have demonstrated that the MI is a very powerful and reliable information theory-based similarity measure for nonrigid or deformable image registration. However, the feasibility of using other information measures has also been investigated for medical image registration applications. For instance, Wachowiak et al. [19] studied the feasibility of using Renyi and Havrda-Charvat entropies, respectively, as the similarity measure for rigid multimodality image registration. Rougon et al. [20] proposed the f-information measure for image registration and then Pluim et al. [21] further investigated the performance of f-information in a rigid multimodality registration framework. He et al. [22] and Bardera et al. [23] proposed to use the Jensen divergence as a similarity measure for solving their registration problems. Most of the aforementioned works focus on rigid registrations. As the urinary bladder is a hollow muscular and elastic organ, modeling the motion of bladder in a nonrigid fashion is expected to be more realistic for RMC in bladder MR images. In this paper, inspired by the tunable nature of the α-divergence, we presented a generalized information measure, α-information, as the similarity measure in a nonrigid registration framework.
The remainder of this paper is organized as follows. Section II presents the bladder MR data acquisition procedure, the details of the proposed α-information-based image registration approach (called α-registration hereafter), and a brief review of the previously developed bladder wall segmentation algorithm [9] , which will be employed to extract the bladder wall from the registered volumetric image for 3-D bladder model construction. Compared with the well-evaluated MI-registration approach [24] , [25] as well as the commonly used meansquares registration (MS-registration) and cross-correlation registration (CC-registration) approaches, the gain of the proposed α-registration approach on the accuracy of constructing the 3-D bladder model was demonstrated via both simulated phantom and real patient studies in Section III. This article ends with conclusion and discussion in Section IV.
II. MATERIALS AND METHODS

A. Bladder MR Data
Most previous MR cystography studies [3] , [7] , [9] - [11] found that T 1 -/T 2 -rather than PD-weighted scanning protocol is in favored for assessing the anatomical structures or pathologies in the urinary bladder. Compared with T 2 -weighed MR imaging, T 1 -weighted imaging enhances the desired signals or the bladder wall by lowering the lumen intensity as shown in Fig. 1(a) , while with T 2 -weighted imaging, the lumen intensity is enhanced and the partial volume effect (PVE) from the high-intensity lumen to the low-intensity wall tends to "swallow" small pathological structures on the bladder wall [7] , [10] ; see Fig. 1(b) . Hence, in our study, T 1 -weighted MR imaging was primarily used to enhance the definition of the bladder wall borders.
Our MR cystography study was approved by the institutional review board at the Stony Brook University Medical Center. All subjects were examined on a clinical 3.0-T whole body MR scanner with informed consent. The 3-D T 1 high-resolution isotropic volume excitation (THRIVE) pulse sequence was adopted with 0.9375-mm isotropic, 224 × 224 axial-plane dimension, 21-cm field of view (FOV), 1-mm slice thickness, 84 or 95 slices, and TR/TE of 6.3/3.9 ms. Prior to scanning, the subjects were instructed to empty the bladder and drink three cups (about 500 ml) of water aiming at making small structures of the bladder wall more visible. In addition, the bladder was slowly stretching by the urine inflow, which serves as a natural contrast agent for the imaging. Three short-time dynamic scans were acquired for each subject. The number of signal averages (NSA) equals 2 for each scan, and the acquisition time for a single short-time scan was approximately 2 min. For comparison purpose, a single long-time scan was acquired with NSA = 6, and the corresponding acquisition time is about the same as the total time of three short-time scans. The entire examination for each subject lasted about 40 min (including 15-min waiting after drinking water, 5-min subject preparation, and initial scanning for FOV positioning, followed by the above described T 1 scanning). During the data acquisition, patient voluntary motions were suppressed by instructing the subject to keep still and with the help of a belt motion suppression system. Then, the major motions in this study were involuntary bladder motions due to the urine filling, intestines' peristalsis, and lung breath.
B. Motion Correction by Dynamic Scans and α-Registration
Regarding the RMC strategy, instead of a single long-time scan averaged (on the signals) by the MR scanner, we aim to acquire multiple repeated short-time scans for the purpose of shifting bladder motion from intrascan into interscans. Then, the interscan motions can be corrected by registering the shorttime scans to a selected reference, and finally, we can obtain a motion-corrected image by averaging all the registered images with the reference image. Based on the judgment from an experienced radiologist, the short-time scan with the best definition of the bladder wall was selected as the reference image for the RMC registration task. All other short-time scans (i.e., moving images) were registered to the reference image before averaging them. A flowchart of the RMC strategy for 3-D dynamic scans registration is illustrated in Fig. 2 . While the short-time scans are less affected by the motion, they have lower SNR on the bladder wall or the region of interest (ROI) of this study. Therefore, a suitable registration method must consider this aspect. More details on the proposed registration method are given below.
1) Combined Global and Local Transformation Model:
Motion correction for bladder MR images is the problem of determining transformations that capture the motion of every pixel or voxel in the ROI across the short-time acquisitions. As we know that urinary bladder is a hollow muscular and elastic organ, the motion of the bladder follows a nonrigid fashion, including the motion of the bladder as a whole and the deformation of bladder soft tissues. Therefore, global transformation models, such as rigid or affine transformation, are not sufficient to describe the nonrigid motion. In this study, the registration task was adapted into a well-established framework using an affine transform followed by a B-spline approach [26] . A combined transformation model, consisting of both global and local transformations, is desired and then adapted in this study. The combined transformation model is represented by
where ℵ represents a position in the 3-D volumetric image. T global (ℵ) denotes an affine transformation which has a degree of freedom of 12. This global term describes the overall bladder motions, such as rotations, translations, and scaling. T local (ℵ) represents a local transformation for capturing the local deformations of the bladder soft tissues. In this study, it is parameterized by the free-form deformation (FFD) model based on B-splines [25] , [27] , which has been proven to be powerful for modeling the 3-D deformations. The basic idea of FFD model is to deform an image by manipulating a regular grid of control points that are distributed across the whole image. The deformation result of the grid is applied to generate a smooth and C 2 continuous transformation. The spacing of the control point grid determines the resolution of the control points. When a higher resolution of the control point grid is set, a finer local nonrigid deformation will be obtained at the cost of more intensive computation. The spacing setting would be determined according to the requirement of accuracy and computational efficiency. Let Φ represent an n x × n y × n z grid of control points {Φ i,j,k } with uniform 3-D spacing in the XYZ coordinate system, the degree of cubic B-spline is three. Thus, at any position ℵ, the FFD can be written as a 3-D tensor product of 1-D cubic B-splines
, and B l denotes the lth basis function of the B-spline [27] , [28] 
In this study, we employ the FFD model to guide the displacement field. As illustrated through Fig. 3 , after defining a grid of control points over the moving image, a displacement field for the control points is generated by image forces, and then the displacement of each voxel is generated by B-spline interpolation under the guidance of the control points.
2) α-Information-Theoretic Measure: Since short-time scans in the studied dataset are with relatively low SNR, the information-theoretic measure-based registration approaches would be preferred for our registration task. The advantage of such approaches is that the image statistics are estimated using a large quantity of voxel samples, and therefore, the image noise effects on the metrics can be attenuated.
In probability theory or information theory, the α-divergence is a function D α (P, Q) that measures the discrepancy between two probability distributions. Given two discrete probability distributions P = {p i |i = 1, 2, . . . , n} and Q = {q i |i = 1, 2, . . . , n}, the α-divergence is defined as
where α = 0, 1 and i p i = i q i = 1. Some important properties of α-divergence can be summarized as 1) D α (P, Q) is convex with respect to both P and Q.
2) D α (P, Q) ࣙ 0; and D α (P, Q) = 0 if and only if P = Q. Moreover, some well-known divergences are special cases of α-divergence with different α settings. For example, as can be verified with L'Hôpital's rule, α-divergence specializes to Kullback-Leibler divergence in the limit of α approaching 1. Hellinger divergence and Neyman's chi-square divergence are individually obtained when α equals 0.5 or 2 [29] . A variant of α-divergence in the information theory is the α-information measure, which applies only to two specific probability distributions; namely, the joint probability distributioñ P = (P 1 , P 2 ) = {p ij |i, j = 1, 2, . . . , n} of two random variables and the product of their marginal probability distributionsQ = P 1 × P 2 = {p i p j |i, j = 1, 2, . . . , n}. Hence, the α-information measure between two probability distributions P 1 and P 2 can be formulated as follows:
where α = 0, 1 and i p i = j p j = i,j p i,j = 1. Note that when α approaches 1, we have
which is actually the definition of MI [17] . Similar to the properties of α-divergence, the α-information measure is convex and nonnegative, and it equals 0 if and only if P 1 and P 2 are mutually independent (i.e.,P =Q). Information measures have been recognized as theoretically sound criteria for medical image registration [21] . The interpretation of evaluating such information is actually a measure of dependence between two images. The assumption is that, when the two images are correctly registered, the maximal dependence of the images is reached and the underlying information measure is maximized. Misalignment between the two images will decrease the value of this information.
When using the α-information as a similarity measure for image registration problems, the to-be-estimated transformation parameters have to be considered in the similarity measure formulation. Suppose the tunable parameter α has been preset, the similarity measure S between the reference image R and the moving image M can be expressed as a function of the transformation parameters μ, and the corresponding optimization problem can be formulated as
where
, and p R (k) are the joint, marginal moving, and marginal reference probability distributions, respectively. If let the H R and H M represent specified numbers of uniformly sized bins along the respective dimensions of the joint histogram of the reference and moving images, the integer values of l and k denote the indexes of the histogram bins
. Therefore, the B-spline Parzen window [30] can be employed to estimate the underlying image intensity distributions. From (10), it is noted that the distribution of moving image is dependent on the transformation model, so is the joint probability distribution, although the reference image is always fixed and independent of the transformation parameters. Therefore, an optimization method is needed to iteratively optimize the to-be-estimated transformation parameters.
3) Optimization Method for α-Registration:
In our preliminary work on bladder MR image registration [31] , the optimization problem was addressed using the Powell's conjugate directions method [32] . While it can generate reasonable results, Powell's method is computational intensive and may attract to local maxima. Although the gradient-based optimization methods may also suffer from the local maxima problem, it is known that direct calculation of the gradient of the objective function has its advantage in computational efficiency. Therefore, we employ a quasi-Newton method based optimizer to solve the optimization problem. For the transformation parameters μ or a set of n-independent parameters (μ 1 , μ 2 , . . . , μ n ), the gradient of similarity measure S(μ) is given as:
A single component ∂S/∂μ i of the gradient is computed by differentiating (10) with respect to a single transformation parameter. Straightforward derivation shows that the ith component of the gradient is formulated as
From (12), we can see that the calculation of each component of the gradient requires differentiating the joint distribution of the intensity values of the reference and moving images. Please refer to [25] for details on the estimation of marginal and joint distributions as well as the calculation for the partial derivative of the joint distribution.
In this study, we employ the limited-memory quasi-Newton optimization package-the L-BFGS-B (Limited-memory Broyden-Fletcher-Goldfarb-Shannon optimization with simple Bounds) [33] for the optimization calculation. Of note, the L-BFGS-B has its advantage here because the moderate requirement of memory makes it well suitable for the optimization problems with a large number of variables. Instead of estimating the entire Hessian matrix as in the commonly used NewtonRaphson optimization method, a low-rank approximation is calculated which allows linear convergence rates. Another advantage of using the L-BFGS-B method is that it allows bound constraints on the independent variables. In order to avoid local maxima and to reduce the computation time, a hierarchical multiresolution optimization scheme is used in the nonrigid registration stages.
The process of moving image alignment can be divided into two stages. First, the global affine transformation, that contains only rigid body parameters, is optimized. The resultant affine transformation is then used to initialize a low-resolution deformation field with a coarse grid of FFD control points. Second, the local deformations are gradually refined by increasing the resolution of control point grid distributed across the moving images. In each resolution level, the optimal set of deformation parameters is reached when the similarity measure between moving images and the reference image is maximized. The set of optimal deformation parameters at a coarser resolution level is up-sampled to initialize the transformation parameters for the next resolution level. The process of applying α-registration in a multiresolution fashion can be summarized by Fig. 4 .
C. Metrics for Registration Method Evaluation
The proposed α-registration method was evaluated through both phantom and patient studies. For simulated phantom studies with known ground truth, we employed root-mean-squared error (RMSE) and correlation coefficient (CC) as quantitative metrics to assess the consistency of the registered image to the ground truth. These two metrics can be calculated as follows:
In (16) and (17),Ī GT andĪ Reg represent the average intensity of the ground truth image and the average intensity of the registered image, respectively. RMSE and CC can provide direct and quantitative measures of the performance of a registration method. Smaller RMSE and larger CC usually indicate better registration accuracy.
Due to the lack of ground truth for real patient studies, we alternatively adopted the SNR of the bladder wall as a quantitative metric to evaluate the quality of the motion corrected image. Under the guidance of an experienced radiologist, we manually outlined the bladder wall ROI on each motion-corrected MR image. The signal μ wall is estimated as the averaged intensity of bladder wall voxels, and the noise σ lumen is estimated as the standard deviation of voxel intensities of the bladder lumen inside the wall. Then, the SNR of the bladder wall can be calculated by
In addition to direct quantitative measure of the registration accuracy, we are also interested in assessing the gain of the proposed α-registration method to the automatic and accurate segmentation of the bladder wall for various clinical tasks. In this study, the automatic extraction of the bladder wall is performed via a unified image segmentation approach, as outlined below. 
D. Unified Bladder Wall Segmentation Method
In order to evaluate the gain of the proposed α-registration method for motion compensation, the motion-corrected image was subsequently segmented for the inner and outer borders of the bladder wall. The segmentation was performed by a unified maximum a posteriori expectation-maximization (MAP-EM) approach with coupled level-set (CLS) constraints as the apriori penalty on the image data statistics or likelihood [9] . First, the inner border was automatically segmented via the evolution of inner level set surface inside the bladder lumen. Then, the outer border was segmented by expanding the outer level set surface outwards from the inner border surface. Finally, both borders were refined by an interleaved operation of voxel classification via MAP-EM and surface evolution via CLS.
III. EXPERIMENTAL RESULTS
In order to evaluate the effectiveness of the proposed α-registration method, we compared it with three commonly used registration methods including the MI-registration, the MSregistration, and the CC-registration via both simulated phantom and real patient studies. Note that all the registration algorithms were implemented under the Insight Toolkit platform [34] . In simulated phantom studies, the method comparison was conducted by solving either monomodality or multimodality image registration problems. While in real patient studies, T 1 -weighted MR cystography was utilized as a clinical task to assess the effectiveness of the proposed α-registration method for the motion correction of dynamic bladder MR scans.
A. Simulated Phantom Studies
In the phantom study on monomodality image registration, three 128 × 128 × 128 digital images were simulated to mimic the entire process of the RMC for dynamic bladder MR images. Since urinary bladder generally appears as a hollow muscular and distensible organ, we simplified its shape as either a hollow ellipsoid or a hollow spheroid. As shown in Fig. 5(a) , the first volume of hollow ellipsoid shape represents a "bladder" of half filling state. The major semiaxis of inner ellipsoid (i.e., the inner surface of "bladder wall") is set to be 30 units, and the other two minor semiaxes are both set to be 20 units. While the major semiaxis for the outer ellipsoid is 35 units and the minor semiaxes are 25 units. The image intensity of "bladder wall" is set to be 1000 and the intensity for inside "lumen" and outside "air" is set to be 500. In order to make the phantom to be more realistic, the PVE was added to both sides of the "bladder wall" so that the intensity gradually changes from 1000 to 500 within five layers of voxels. Finally, the white noise with a standard deviation of 20% of the voxel intensity, and the Gaussian smoothing filter with a convolution kernel size of 3 were imposed on the entire image. Similarly, the second and third volumes were generated with the same configurations except the shape of the phantom. The second volume in Fig. 5(b) represents the "bladder" with medium filing as time goes on, and the radius of inner and outer spherical surface is 35 and 40, respectively. While the third phantom in Fig. 5(c) represents the "bladder" with full filling, and the radius of inner and outer spheroid is 40 and 45, respectively. This series of volumes mimics the change of the bladder shape given the condition that the subject has been asked to drink a bottle of water prior to the scanning.
In this monomodality phantom study, the second "bladder" phantom with medium filling was selected as the reference image, and the corresponding image without random noises as shown in Fig. 5(d) was set as the ground truth for method evaluation. Table I summarizes the α-registration results by registering the first and third volumes to the second volume. Given the ground truth, we can calculate the RMSE and CC metrics for α-registration with different α values. When tuning the value of α between 0 and 2, we observed that the α-registration achieved the smallest RMSE and the largest CC when α equals 0.2, and it outperformed the MI-registration approach (i.e., α = 1). The corresponding MI-registration and α-registration results are shown in Fig. 5(g ) and (h), respectively. It is noted that the α-registration severely deteriorated when α equals 0.01 or 0.1. Moreover, we also observed that the CC-registration failed to register the three volumes as shown in Fig. 5(f) . The MS-registration, in comparison with the α-registration, showed slightly better performance in terms of both RMSE and CC as listed in Table III , though the difference between the registered images is not evident as can be seen from the MS-registration result in Fig. 5(e) .
We further conducted another phantom study, which demonstrated the inferior performance of both CC-registration and MS-registration methods in the multimodality registration scenario. Two 128 × 128 × 128 volumes were simulated to mimic both the T 1 -and T 2 -weighted bladder MR images. The T 1 -weighted MR image in Fig. 6(b) was generated in a similar manner as in the monomodality phantom study. However, as shown in Fig. 6(a) , the "lumen" and "air" in T 2 -weighted image were enhanced with an image intensity of 1000, while the intensity for "bladder wall" is decreased to 500. It is noted that we particularly embedded a spherical "tumor" of radius 10 inside the "bladder wall." In T 2 -weighted image, the radius for the inner and outer bladder wall surface is 35 and 40, respectively. The T 1 -weighted image was enlarged in shape with inner radius of 45 and outer radius of 50. Same as the previous study, five layers of PVE, 20% noise, and Gaussian smoothing were imposed on all simulated images.
In this phantom study on multimodality registration, the T 2 -weighted image was used as the reference image, and the corresponding ground truth for registering T 1 -towards T 2 -image is given in Fig. 6(c) . The accuracy of α-registration with different α values are summarized in the first two rows of Table II . As adjusting the value of α between 0 and 2, we observed that the optimal α-registration with the smallest RMSE and the largest CC was achieved when α equals 0.8, and it outperformed the MI-registration (i.e., α = 1) in terms of both metrics. Fig. 6 (f) and (g) shows the registered images from MI-registration and α-registration, respectively. In addition, we observed that the α-registration severely deteriorated when α is near 0 or larger than 1.4. The last three rows in Table II demonstrate the convergence performance of α-registration. The number of iterations can range from 10 to 236 depending on the value of α, and dividing the change of cost function value we obtained the speed of the convergence for different settings of the α value. The fastest convergence of α-registration was observed when α equals 0.1 or 0.2. Furthermore, Table III summarizes the performance of the commonly used MS-registration and CC-registration approaches. The abnormally high RMSE and negative CC indicated the poor performance of these two registration methods in this multimodality registration scenario. The registered image from MS-registration is shown in Fig. 6(d) , and we can see that the image intensity was largely influenced by the T 2 -weighted reference image and the "tumor" area was severely distorted. While the CC-registration result in Fig. 6 (e) kept the intensity information from the T 1 -weighted image, it failed to converge to the optimal solution and the "tumor" was also distorted.
B. Real Patient Studies
The presented α-registration approach was further evaluated on eight patient datasets (seven males and one female) undergoing clinical bladder MR imaging. The ages of the studied subjects were 65 ± 11 (mean ± standard deviation) years of old. Each MR scan consists of 84 or 95 image slices covering the bladder volume. Before registration, we manually defined a sufficiently large cubic ROI enclosing the whole bladder. (It is noted that all MR T 1 -weighted images were directly registered without correction for field inhomogeneity because this effect is not obvious visually). We typically started the nonrigid registration with a coarse control point mesh of 20 voxels grid spacing and ended it with a finer control point mesh of 15 voxels grid spacing on an image slice. Both the α-information and the MI were computed using 1) number of spatial samples = 20% of total voxels, 2) number of histogram bins = 32, 3) termination criterion with respect to the projected gradient = 10 -7 , and 4) maximization number of iterations per resolution = 2000. In particular, for α-registration, some discrete α values between 0 and 3 were investigated. By visual judgment, we found good registrations on all the subjects were achieved when α value was less than 2, and when α is larger than 2 the α-registration showed deteriorating results as α increased. Hence, for the registration task in this study, the value of α was confined between 0 and 2.
1) Evaluation of Registration Quality by Quantitative Metrics:
To correct motions among three short-time dynamic scans, the short-time scan with the best definition of the bladder wall was chosen as the reference image. The other two short-time scans were moving images that ought to deform to the reference. Then the deformed moving images together with the reference image were averaged to generate the motion-corrected average image. In order to demonstrate how the population-wise optimal α value was selected for the proposed α-registration approach, we summarized, in Table IV , the registration of three short-time scans for each patient study with the value of α varying from 0 to 2. When using the SNR of the bladder wall as an evaluation metric, it can be observed that the optimal α value for α-registration may be different for different patient studies, and the optimal α-registration always outperformed the MI-registration (i.e., when α approaches 1.0) for all the patient studies. In order to determine the population-wise optimal α value from our patient studies, we further conducted statistical hypothesis testing to test whether the α-registration with a specific α value can significantly enhance the SNR of bladder wall compared with the widely used MI−registration approach. As shown in Table IV , the Wilcoxon signed rank test indicated that the α-registration with a fixed α value of 0.6 significantly (one-sided p-value = 0.004) outperformed the MI approach in terms of the SNR of bladder wall, while the improvement from α-registration with other α values was not statistically significant. Furthermore, the α-registration with an optimal α value of 0.6 was compared with the commonly used MS-registration or the CC-registration method. Table V summarizes the SNR of bladder wall from either MS-registration or CC-registration for each patient study. The Wilcoxon signed rank test indicated that the α-registration with α equals 0.6 significantly outperformed (one-sided p-value = 0.039) the MS-registration at a significance level of 0.05. However, there was no significant difference between the α-registration (with α = 0.6) and the CC-registration. In addition, the average runtime for different registration methods was summarized in Table VI. Note that the implementation was based on a standard PC with 2.20-GHz Entries in bold indicate the optimal α -registration result with the highest SNR of bladder wall for each patient study. The last row summarizes the p-values for hypothesis testing that α -registration statistically outperforms MI-registration, and the p-value in bold indicates the α -registration with α = 0.6 significantly outperformed the MI-registration at a significance level of 0.05. Entries for each patient study are the SNR of the bladder wall. The last column shows the p-value for hypothesis testing that α -registration with α = 0.6 statistically outperforms the conventional registration method, and the p-value in bold indicates the MS-registration was significantly outperformed at a significance level of 0.05.
processor and 4-GB memory. We can see that the runtimes for two information measure based methods were comparable, while the runtimes for the conventional MS-and CC-registration methods were relatively less. Fig. 7 shows examples of three dynamic bladder MR scans for each patient study as well as the corresponding RMC results from MS-registration, CC-registration, MI-registration, and α-registration with α = 0.6, respectively. We can see that the SNR of the whole bladder was significantly improved after averaging three dynamic scans, and the definition of the bladder wall was enhanced after motion correction. By visual inspection of the motion-corrected bladder wall in Fig. 7 , we observed that, in comparison to the MS-registration, the other three registration methods clearly generated a sharper definition of the bladder wall where severe motion artifacts exist.
In addition, we compared the quality of the registered image from the proposed α-registration-based RMC approach with the long-time MR scan acquired from the commercial scanner. The bladder wall edges in the long-time scans of Fig. 8(a) −(c) were severely blurred, while the bladder walls in the motioncorrected average images, as shown in Fig. 8(d) −(f), were more clearly defined in terms of edge details and wall uniformity. This observation indicated that the developed RMC strategy is obviously advantageous to the long-time scanning for bladder MR image acquisition.
2) Evaluation of Registration Quality by an Observer Study: As a means of evaluating the registered image quality for clinical usage, five experts were asked to score on the definition of the bladder wall from two different averaging methods: 1) the motion-corrected average by the α-registration and 2) the motion-corrected average by the MI-registration. For each subject, two volume images were obtained by the two different averaging methods, respectively. Experts performed evaluation tasks by simultaneously observing the two averaged volumes of each subject slice by slice. This expert evaluation study was a blinded process, because we set the display order of motioncorrected images to be random and the experts had no knowledge of which method was used for each display. By comparing the relative definition of the bladder wall, five experts were instructed to give scores between 1 (worst) to 5 (best) on each display. Fig. 9 illustrates the pairwise scatter plot of expert scores in comparing the motion-corrected image from α-registration against the image from MI-registration. The jittering technique was employed to assure the visualization of overlapped score pairs. We can see that most data points (about 70%) fell above the 45°concordance line, which suggests the α-registration tends to have a higher score than the MI-registration. As a compliment to the straightforward analysis via scatter plots, statistical analysis was applied to the scores from the five experts on the eight patient subjects. We employed a linear mixed effect model [35] , [36] to test the statistical significance of each effect of interest. The considered fixed effects included two main effects of registration method and selected expert as well as their interaction effect, while the patient subject effect is random. Statistical hypothesis testing showed that the expert scores on α-registration was significantly higher than the scores for MI-registration (onesided p-value <0.0001), and the corresponding 95% confidence interval of the score difference was (0.66, 1.39). The expert-bymethod interaction effect was not significant (p-value = 0.697), which can be concluded that different experts were in agreement in terms of ranking the two methods.
3) Effect of Registration on Bladder Wall Segmentation: Since our goal in developing MR cystography technology is to extract the bladder wall accurately. For that goal, we have developed a sound 3-D automatic bladder wall segmentation algorithm [9] . This algorithm was applied to the motion-corrected images from the baseline method (i.e., MI-registration) and the proposed approach (i.e., α-registration), respectively. The outputs of the segmentation are the outlines of the inner and outer Fig. 9 . Scatter plot of expert scores on the definition of the bladder wall resulted from motion correction by α-registration against by MI-registration. The p-value is based on statistical testing of score differences from two methods. With p-value <0.0001, it can be concluded that the α-registration obtained significantly higher score than the MI-registration.
surfaces of the bladder wall. Fig. 10 shows exemplary 3-D bladder wall segmentation results via 2-D axial views. Given the same bladder wall segmentation algorithm, we assume that a better motion-corrected image should lead to better bladder wall segmentation in a point-by-point fashion. As we can see from Fig. 10 , compared with the wall segmentation resulted from motion-corrected image of the baseline registration method of MI, the proposed α-registration approach led to comparable or better segmentation of the bladder wall, which implied better edge details were preserved that facilitated our automatic segmentation algorithm. It is noted that although some registered images in Fig. 10 look similar their difference in segmentation was mainly due to the cumulative contribution from the entire volume as our segmentation algorithm was performed in a 3-D manner. The most experienced radiologist among the above five experts was asked to examine and give scores on the segmented bladder wall for each of our studied dataset. The expert scores ranged from 0 (worst) to 4 (best) based on the segmentation accuracy. Student's paired t-test indicated that the scores on the α-registration-based segmentation results are significantly higher (one-sided p-value = 0.025) than the baseline method based segmentation results at a significance level of 0.05, and the 95% confidence interval of the score difference is (0.003, 1.247). Therefore, we can conclude that the presented α-registration approach can outperform the MI-registration approach in terms of increasing the bladder wall segmentation accuracy or extracting an accurate bladder wall model for clinical evaluation of the entire wall.
IV. CONCLUSION AND DISCUSSION
In this paper, we presented a nonrigid image registration approach using the α-information measure. With respect to its application for MR cystography, the intrinsic bladder motion in short-time dynamic MR scans was compensated using the proposed α-registration method. As a pilot study, the registration method was validated on only eight patients under the T 1 -weighted MR imaging modality. More datasets from patients or volunteers shall be sought, as this MR cystography research moves on, and included into our current database to evaluate the methodology. Other MR scanning protocols or pulse sequences shall be examined, e.g., T 2 -weighted MR imaging modality, as additional information to improve the wall extraction and perform clinical wall evaluation for tumor detection and staging quantification [37] .
Our experimental results demonstrated that the involuntary bladder wall motion can be effectively captured by the RMC strategy via averaging several short-time dynamic scans rather than acquiring a long-time scan. This observation is consistent with our previous studies reported in [13] and [14] . Furthermore, with respect to comparing different methods for dynamic scans registration, the presented α-registration approach outperformed the well-known MI approach in terms of RMSE/CC for phantom studies and in terms of SNR of the bladder wall for patient studies. In particular, statistical test based on our patient studies revealed that the α-registration, when tuning the value of α between 0 and 2, achieved significantly better performance than the MI when α equals 0.6. Both phantom and patient studies demonstrated that the α-registration performance was prone to decrease as α approaches 0 and deteriorated dramatically when the value of α was greater than 2. Regarding the computing time, the α-registration is computationally comparable to the MI-registration as both methods used the L-BFGS-B optimization algorithm and both were implemented using the ITK package. Regarding the clinical impact of the proposed registration method, human observer studies on the definition of the bladder wall and computer observer studies by segmenting the wall in a point-by-point fashion confirmed a noticeable gain by using α-information rather than the well-known MI as a similarity measure for registration.
We also compared the presented information measure based similarity metric with two commonly used similarity metrics. Our multimodality phantom study demonstrated that the MSmetric or the MS-registration failed to register images of different modalities. This metric relies on the assumption that image intensity representing the same homologous point must be the same in both reference and moving images. Therefore, the use of this metric is limited to images obtained using the same imaging modality. Also note that any linear changes in the intensity result in a poor match value. This was confirmed by the poor performance of MS-registration for bladder motion correction in our patient studies. The other commonly used metric under comparison is the CC-metric or the CC-registration. Although this metric showed a similar performance to the information measure based metrics in our patient studies, the CC-registration failed in phantom studies on either monomodality or multimodality registration problems. One possible reason is that the use of CC-metric is restricted to images of the same modality, and the CC-registration may even fail in the monomodality scenario because this metric has a relatively small capture radius as it produces a cost function with sharp peaks.
Of note, it has been observed that the success of the information-based similarity measures is highly dependent on the modalities being registered [19] , [21] . With respect to the motion correction of dynamic scans in MR cystography, our experiments showed that the commonly used MI approach, as a special case of α-registration when α approaches 1, often cannot yield the optimal performance, while α = 0.6 is likely to be a population-wise optimal α value for the proposed α-registration approach. On the other hand, whether the optimal α value exists for multimodality applications is still an open question that cannot be concluded from the results of this study. A generally applicable value of α may sacrifice its adaptation for each registration problem. Establishing a similarity measure based on the α-information gives us more freedom to choose the patient-specific similarity metrics by adjusting the value of α. Minimizing a similarity measure over a tractable family of divergences tends to seeking a shorter "distance" between the reference image and the moving image, and hence improving the registration accuracy. At the same time, the associated intensive computation may arise when searching for the optimal α value from a set of possible choices. A promising future direction is to adaptively adjust α value in the similarity metric during a single course of the optimization. It may prove beneficial to start registration with α = 1 (i.e., MI) and to adjust α value in subsequent iterations for improved accuracy [21] . In order to implement this adjustment, a careful selection of the optimization algorithm is desirable to provide enough feedback for adaptation of the value of α.
